Coronary computed tomographic angiography (CTA) is a reliable modality to detect coronary artery disease. However, CTA generally overestimates stenosis severity compared with invasive angiography, and angiographic stenosis does not necessarily imply hemodynamic relevance when fractional flow reserve (FFR) is used as reference. CTA-based FFR (CT-FFR), using computational fluid dynamics (CFD), improves the correlation with invasive FFR results but is computationally demanding. More recently, a new machine-learning (ML) CT-FFR algorithm has been developed based on a deep learning model, which can be performed on a regular workstation. In this large multicenter cohort, the diagnostic performance ML-based CT-FFR was compared with CTA and CFD-based CT-FFR for detection of functionally obstructive coronary artery disease.
C
oronary computed tomographic angiography (CTA) has become a reliable modality for the detection of coronary artery disease (CAD).
1,2 Current guidelines recommend CTA in the work-up for patients with stable chest pain and a low-intermediate probability of obstructive CAD. 3, 4 However, many coronary CTA examinations reveal intermediate coronary artery stenosis, and functional assessment of these lesions is critical for meaningful management decision making. Invasively measured fractional flow reserve (FFR) is generally regarded as the clinical standard for lesion-specific assessment of hemodynamic significance. 3, 5, 6 Using computational fluid dynamics (CFD), a virtual FFR can be calculated from coronary CTA images (CT-FFR), which shows good correlation with invasively measured FFR and improves the diagnostic performance of coronary CTA alone. [7] [8] [9] [10] [11] In addition, computationally less intensive CT-FFR applications, which can be performed locally on regular workstations, have been introduced. [12] [13] [14] [15] [16] [17] Most recently, computational FFR applications based on machine-learning (ML) have been developed. Previously, ML applications were used in both cardiovascular and general medical imaging. [18] [19] [20] [21] [22] [23] [24] Contrary to the CFD approach, virtual FFR based on ML applies a combination of pattern recognition and computational learning to derive FFR. In this multicenter collaboration, we evaluated the diagnostic performance of a new ML-based CT-FFR algorithm.
METHODS

Design
The data, analytic methods, and study materials will not be made available to other researchers for purposes of reproducing the results or replicating the procedure. The MACHINE consortium (Machine Learning Based CT Angiography Derived FFR: A Multi-Center Registry) is a collaboration between 5 institutions in North-America, Europe, and Asia, created to investigate the performance of ML-based CT-FFR (URL: https:// www.clinicaltrials.gov. Unique identifier: NCT02805621). Each participating center previously evaluated the diagnostic performance of the first-generation on-site CT-FFR application based on CFD and reported results in a peer-reviewed publication. [13] [14] [15] [16] 25 The patient cohorts and CT data from these studies form the basis for the current study. Approval by the medical ethics committee was obtained at each of the centers. Two sites obtained written informed consent from all patients, 14, 16 and at the remaining 3 sites, the local medical ethics committee provided a waiver for the informed consent because of the retrospective study design.
13,15,25
Population
Respective study cohorts were prospectively recruited at 1 site 14 and retrospectively identified based on the availability of CTA and invasive FFR measurements at the 4 other sites. 13, 15, 16, 25 From the 417 initially identified patients, 65 (16%) were excluded, leaving a total study population of 352 patients (Figure 1) . A detailed description of the recruitment and exclusion criteria per center is available in Table 1 . In a single patient (2 vessels), the ML-based CT-FFR application could not compute a CT-FFR, thus leaving 351 patients and 525 vessels with invasive FFR measurements for direct comparison.
Coronary CTA
All CT scans were performed on first-and second-generation dual-source CT scanners (Somatom Definition or Somatom Definition Flash; Siemens Healthcare GmbH, Forchheim, Germany). All scans were reconstructed using a medium-smooth kernel and a slice thickness ≤0.75 mm with an increment of 0.4 mm. β-Blockers were administered in patients with high heart rates, and sublingual nitroglycerin was given routinely in 4 centers (299 patients). The mean radiation dose of the CTA examinations was 8.3±6.0 mSv ( Table 2 ). The CTAs were evaluated by observers with extensive previous experience in cardiac imaging. All vessels of interest were classified following the Society of Cardiovascular Computed Tomography criteria: normal: 0% stenosis; minimal: <25% stenosis; mild: 25% to 49% stenosis; moderate: 50% to 69% stenosis; severe: 70% to
CLINICAL PERSPECTIVE
The diagnostic performance of coronary computed tomographic angiography (CTA) to detect functional relevant coronary artery disease can be improved by adding computational fluid dynamics onto the anatomic CTA information (CT-fractional flow reserve [FFR] ). The diagnostic performance of a machine-learning approach was compared with computational fluid dynamics-based CT-FFR and CTA, and all were validated against invasive FFR. In this multicenter registry, 351 patients, 525 vessels were investigated. In this study, 299 of the 525 vessels (57%) had a physiologically intermediate stenoses (invasive FFR between 0.70 and 0.90), indicating a challenging clinically relevant population. Per-vessel accuracy of machine-learningand computational fluid dynamics-based CT-FFR were similar (both 78%), and both outperformed standard conventional CTA evaluation (58%). On a per-patient level, diagnostic performance of machine-learning-based CT-FFR was significantly larger for the tertile with the highest image quality (91%) compared with the tertile with the lowest image quality (75%). Diagnostic performance of CTA can be improved with machine-learningbased CT-FFR, potentially reducing the number of unnecessary referrals for invasive coronary angiography. Image quality remains important even with the introduction of CT-FFR technology.
99%; and occluded: 100%. 26 Any stenosis deemed ≥50% was considered angiographically significant. Image quality was subjectively classified per patients using a 4-point Likert score (1 nondiagnostic; 2 poor impaired image quality, differentiation of the coronary artery wall possible with reduced confidence; 3 adequate, reduced image quality because of artifacts without limiting coronary artery wall differentiation; and 4 excellent, no artifacts present and clear differentiation of the coronary artery wall). In 314 patients, a calcium scan was performed. Patient selection per site is further described in Table 1 . CTA indicates computed tomographic angiography; FFR, fractional flow reserve; and ML, machine-learning. Inclusion of patients per center. In total, 417 patients were identified (included+excluded patients) in all centers. The main reasons for exclusion were problematic matching of invasive FFR pressure wire position (23) and the CTA image quality (20) . ASAN indicates Asan Medical Center. Seoul, South Korea; CMIV, Center for Medical Image Science and Visualization, Linköping, Sweden; CTA, computed tomography angiography; EMC, Erasmus Medical Center, Rotterdam, the Netherlands; FFR, fractional flow reserve; IKARD, Instytut Kardiologii, Warsaw, Poland; and MUSC, Medical University of South Carolina, South Carolina, USA.
*On top of exclusion criteria used by all centers: previous coronary artery bypass graft, previous percutaneous coronary intervention, previous myocardial infarction in the vessel investigated by invasive FFR.
†CMIV excluded an additional 7 patients because of a previous surgery/vascular intervention, and these are not mentioned explicitly here as for the other 4 sites, these patients were not included.
CFD based CT-FFR
At each center, all cases were reevaluated with the latest iteration of a CT-FFR application using CFD (cFFR version 1.4, Siemens Healthcare GmbH). With the observer blinded to all other test results, the coronary artery tree was isolated semi automatically to generate a 3-dimensional (3D) coronary model. All vessels and side branches with a vessel diameter of at least 1.5 mm were included as far as image quality allowed. Generation of the 3D coronary model took ≈30 to 60 minutes per case. [13] [14] [15] [16] 25 The exact same 3D segmentation models were used to compute both the CFD-and ML-based CT-FFR values. CT-FFR values were recorded at identical locations within the vessel for both the CFD and ML CT-FFR approaches. The onsite CFD application in this study, which is described in detail elsewhere, 27 is a hybrid CFD approach that couples a reducedorder model for nonstenotic vessel sections with a dedicated stenosis model for the narrowed regions. One of the main presumptions behind this approach is that within the nonstenotic regions, the changes in intracoronary blood pressure (or FFR) are small and thus do not require elaborate computation. 25 Although the hybrid CFD application is relatively time efficient, solving the CFD equations throughout the coronary artery tree is a computational-intensive procedure and takes up to 10 minutes on a workstation PC. Coronary flow and pressure are simulated both at rest and in a hyperemic state by virtual reduction of the microvascular resistance, thereby simulating the effect of adenosine infusion. 28 The intracoronary blood pressure in the hyperemic state is then divided by the blood pressure in the aorta, similar to invasive FFR, and displayed as a color-coded map onto the 3D coronary model. 25, 27 
ML based CT-FFR
The CT-FFR application in this study was developed using a supervised learning approach, which implies that the ML algorithm based on anatomic features was trained against a ground truth. As described in the original article by Itu et al, 29 the ML application was trained using 12 000 synthetic 3D coronary models of various anatomy and degrees of CAD, for which the CFD-based CT-FFR values were computed. The CFD-based results from the 12 000 synthetic coronary models were used as the ground truth training data for the ML-based CT-FFR application. The ML-based CT-FFR model was trained using a deep learning model to integrate the complex nonlinear relationship between the various features extracted from the coronary tree geometry. The model is based on 28 input features ( Table I in the Data Supplement), that is, 28 variables that were extracted for each 3D geometry to learn their relationship to the CFD-based CT-FFR values. The interactions between these 28 features are modeled in a neural network. 29 For the current validation study, CFD-based CT-FFR and the ML-based CT-FFR were independently performed but using the same coronary models segmented from the CT scan. Also, the same FFR sampling locations were used to derive both the CFD-and ML-based CT-FFR values (cFFR version 2.1, Siemens Healthcare GmbH; currently not commercially available).
Invasive Coronary Angiography and FFR
Invasive coronary angiography (ICA) was performed following local standards. Invasive FFR was either performed for clinical reasons or for research purposes. An FFR pressure wire was positioned distal to the stenosis of interest, after which hyperemia was induced by intravenous infusion of adenosine at 140 μg/kg per minute. FFR values ≤0.80 were considered hemodynamically significant. To coregister the location of invasive FFR measurement and CTA-FFR, an independent observer without knowledge of angiographic or functional results identified the invasive FFR sample location on fluoroscopy images and registered the corresponding location as an anatomic landmark.
Statistics
Absolute variables are represented as totals and percentages, continuous variables as means and SDs (±) or medians and interquartile ranges. Effective radiation dose was calculated using a conversion factor of 0.014 (mSv/mGy per centimeter). Correlations between ML-and CFD-based CT-FFR and invasive FFR were calculated with the Pearson correlation coefficient. C statistics were calculated for ML and CFD CT-FFR and visual CTA and compared by using the method of DeLong et al. 30 CTA was investigated both using a threshold of 50% and 70% lumen diameter reduction. For both ML-and CFD-based CT-FFR, a value ≤0.80 was regarded as hemodynamically significant. These classifications were compared with invasive FFR applying the same threshold of ≤0.80 for a functionally obstructive coronary artery stenosis. Diagnostic performance was reported on a per-vessel basis as sensitivity, specificity, positive predictive value, negative predictive value, and accuracy, for all vessels investigated with invasive FFR comparison. Values are reported as mean±SD or absolute number n and percentage (%). CAD indicates coronary artery disease; CTA, computed tomography angiography; and FFR, fractional flow reserve. *Not available in 9 patients. †Not in the vessel territories interrogated by invasive FFR. ‡Not available in 37 patients, represented in median and (interquartile). §Based on a 4-point Likert scale (1 nondiagnostic; 2 impaired image quality, differentiation of the coronary artery wall possible with reduced confidence; 3 adequate, reduced image quality because of artifacts without limiting coronary artery wall differentiation; and 4 excellent, no artifacts present, and clear differentiation of the coronary artery wall).
The 95% confidence intervals (CIs) were corrected for within patient clustering of data using generalized estimating equations. 31 A nonoverlapping 95% CI was used to determine statistical significance.
In addition, a per-patient analysis was performed, which included vessels without direct FFR confirmation. Based on available findings, independent, blinded reviewers assessed the per-patient presence of hemodynamically significant CAD. For the invasive reference: based on the hierarchical presence of FFR ≤0.80 or ICA stenosis >90%, vessels were considered to have hemodynamically significant CAD. If the FFR was >0.80 or stenosis severity by ICA was <50%, vessels were classified as not significantly diseased. Patients with a 50% to 90% stenosis at ICA and no FFR measurement were excluded. For the CT evaluation, vessels with <50% stenosis or CT-FFR >0.80 were regarded as nonsignificant, whereas vessels with 50% to 99% stenosis and CT-FFR ≤0.80, or a total occlusion on CTA, were regarded as having hemodynamically significant CAD. Patients with at least 1 significantly diseased vessel were classified as positive while a negative per-patient classification required normal findings in all 3 vessels. Diagnostic performance was also compared between subgroups stratified by calcium scores <100, 100 to 400, and >400. CTA images quality was scored on a 4-point Likert scale, and diagnostic performance was compared after dividing patients in tertiles of low, intermediate, and high image quality.
Statistical analyses were performed using SPSS (version 21, IBM Corp, Armonk, NY). MedCalc (version 13.0; MedCalc Software, Ostend, Belgium) was used to compare the area under curves.
RESULTS
In total, 351 patients and 525 vessels with direct invasive FFR comparison were available for analysis. ML-based CT-FFR and invasive FFR was moderate (R=0.62; Figure 3A) , with an average underestimation of 0.034±0.12 ( Figure 3B ). The area under the receiver operating characteristic curve for both MLbased (0.84; 95% CI, 0.80-0.87) and CFD-based CT-FFR (0.84; CI, 0.80-0.87) exceeded that of visually classified CTA (0.69; CI, 0.65-0.74; P<0.001 for both ML and CFD; Figure 4) .
On a per-vessel basis, ML-based CT-FFR significantly improved specificity, positive predictive value, and accuracy in comparison to CTA (>50% stenosis). When compared with CTA using a threshold of >70% stenosis, sensitivity, negative predictive value, and accuracy improved with ML-based CT-FFR. No significant differences were found between ML-and CFD-based CT-FFR (Table 3) . In Figure 5 , the diagnostic accuracy of ML-based CT-FFR is shown per invasive FFR interval. In general, a trend of reduced accuracy for values closer to the invasive FFR threshold (0.80) was observed.
Patient-Level Performance
Forty-eight patients had a stenosis in at least 1 coronary artery of 50% to 90% at ICA without an invasive FFR measurement, lacking sufficient information to classify functional significance, leaving 303 patients (86%) for the patient-level analysis. In this clinical, selected cohort where (positive) CTA results contributed to ICA referral, there was a high prevalence of >50% CAD by CTA (96%). The low number of true negative CTAs (n=10), resulted in a low specificity (11%), however, the negative predictive value of CTA remained good (77%). Both positive predictive value (89%) and overall diagnostic accuracy (85%) improved by adding ML-based CT-FFR (Table 4) . Of the 85 false-positive CTA results, 62 (73%) could be correctly reclassified based on a normal ML-based CT-FFR result. No differences were found between the different calcium score subgroups. The diagnostic accuracy and negative predictive value of ML-based CT-FFR were significantly larger for the tertile with the highest image quality compared with the tertile with the lowest image quality.
DISCUSSION
The main findings of this article are (1) ML-based CT-FFR closely reproduces CFD-based CT-FFR calculations. (2) In a large population, ML-based CT-FFR correlates moderately with invasive FFR results and correctly reclassifies a substantial proportion of patients with angiographic CAD on CTA. (3) Diagnostic performance of ML-based CT-FFR increases with better image quality, confirming optimization of image quality remains important.
ML techniques are increasingly applied for a variety of medical interests, 21, 22, 32, 33 such as the prediction of carotid artery plaque growth. 23 In cardiovascular medicine, ML models combining quantitative measurements from imaging modalities and clinical features have been used to predict mortality after CTA 18 or early revascularization after SPECT imaging. 20 For the prediction of hemodynamic significance of coronary disease from anatomic CT images, the most important advantage of CTA (70% stenosis) 43% (38%-50%) 82% (78%-87%) 62% (54%-70%) 68% (63%-73%) 66% (62%-71%)
Vessel-based diagnostic performance of ML-and CFD-based CT-FFR, and CTA, compared with invasive FFR and a threshold of ≤0.80 (n=212) in 525 vessels. CFD indicates computational fluid dynamics; CTA, computed tomography angiography; FFR, fractional flow reserve; ML, machine-learning; NPV, negative predictive value; and PPV, positive predictive value.
the ML-based approach is the short processing time. Although processing times of CFD algorithms vary with their complexity, from 10 minutes to several hours, ML-based CT-FFR calculations can be performed virtually without delay. Short calculation times allow for interactive interpretation by physicians and the ability to instantaneously observe the effect of adapted vessel segmentation on FFR results. In an independent cohort, consisting of data from 5 centers, we observed that ML-based CT-FFR values correlated near perfectly with CFD-based calculations.
Although coronary CTA allows for effective exclusion of CAD in populations with a lower prevalence of disease, the technique does not allow for accurate interpretation of hemodynamic severity of angiographic lesions. An increasing number of computational solutions have been developed for CTA to assess the degree of flow limitation. In this study, we found as expected a decrease in diagnostic accuracy as the reference measurement (invasive FFR) is approaching to the diagnostic threshold ( Figure 5 ). In this study, the prevalence of physiologically intermediate stenoses (invasive FFR, 0.70-0.80) was 25.5% (134/525), higher than the 12.8% in the meta-analysis by Cook et al. 34 Two hundred ninety-nine of the 525 vessels (57.0%) had an invasive FFR between 0.70 and 0.90. The most extensively validated CT-FFR application is a full-order off-site performed CFD algorithm. The accuracy of this CT-FFR solution to differentiate functionally significant coronary disease was demonstrated in several multicenter, prospective trials. [8] [9] [10] Several alternative, on-site performed, CFD-based CT-FFR algorithms have been developed over the past few years with promising results in single-center settings. [12] [13] [14] [15] [16] [17] To our knowledge, this is the largest validation study of an on-site CT-FFR application. Using invasive FFR as reference, ML CT-FFR improved the specificity, positive predictive value, and accuracy of CTA. Application of CT-FFR in conjunction with CTA can avoid unnecessary invasive procedures. 35 The MLbased CT-FFR application in this study correctly excluded hemodynamic significance in the majority of >50% stenosis by CTA with an invasive FFR >0.80. Although there are various alternative techniques to assess myocardial ischemia, CT-FFR seems an effective first step after a positive CTA, which does not require further testing or expose to radiation or contrast media. 36 Lu et al 37 showed that off-site CT-FFR was better at predicting Patient-level diagnostic performance in 303 patients after exclusion of 48 patients because of insufficient information on the functional severity of one of the coronary arteries. In 28 of the 303 patients, no calcium scan was made, as such 275 patients were divided into 3 CAC groups, CAC <100 (n=102), between 100 and 400 (n=65), and >400 (n=108). CAC indicates coronary artery calcium score; CTA, computed tomography angiography; FFR, fractional flow reserve; ML, machine-learning; NPV, negative predictive value; and PPV, positive predictive value. Per-vessel diagnostic accuracy with 95% confidence intervals of ML-based CT-FFR, distributed over 0.05 invasive FFR intervals. On the right y axis in red, the frequency (count) of a vessel with an invasive FFR value corresponding to each interval. A general trend toward reduced accuracy for values close to the diagnostic threshold of 0.80 for invasive FFR can be observed. In several of the intervals, the sample size is small leading to an accuracy of 100% where no CIs could be computed.
MACE events than 70% lumen narrowing on CTA, indicating a potential role for CT-FFR in risk assessment. In the 1-year outcomes of the PLATFORM study (Prospective Longitudinal Trial of FFRCT: Outcome and Resource Impacts), off-site CT-FFR guide care resulted in lower costs compared with standard care. 38 Because CT-FFR depends on an accurate 3D coronary model, image quality is important. Previous studies investigated the relationship between image quality and CT-FFR diagnostic performance and showed that misalignment artifacts negatively affect CT-FFR performance. 25, 39, 40 In this study, we observed that low image quality had a negative effect of on diagnostic performance. No significance difference in diagnostic accuracy was found for different calcium score subgroups.
Limitations
Based on the original study designs, there was some variation in patient selection and study methodology between the respective cohorts ( Table 1) . Most patients in this study underwent CTA and invasive FFR for clinical reasons, which resulted in a selection toward a relatively high angiographic and functional coronary disease burden. In total, 65 (16%) patients were excluded, of which 34 because of insufficient CTA image quality. The per-vessel evaluation was based on vessels examined by invasive FFR; however, inclusions of vessels without direct FFR measurement were necessary for the per-patient analysis. It is possible that a proportion of vessels with diffuse disease, but overall <50% diameter narrowing, resulted in myocardial ischemia. [41] [42] [43] [44] [45] In a subset of 53 patients, no nitroglycerin was administrated before the CTA, possibly influencing the CT-FFR outcome. The ML-based CT-FFR algorithm investigated in this study is currently available for research purposes.
Conclusions
Without performing individual CFD simulations, onsite CT-FFR based on ML allows for assessment of the hemodynamic severity of coronary stenosis. Both on a per-vessel and per-patient level, the diagnostic accuracy and positive predictive value of CTA can be improved by adding ML-based CT-FFR. Optimization of image quality remain important.
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